Abstract. Detrended fluctuation analysis (DFA), detrended cross-correlation fluctuation analysis (DCCA) and multifractal methods are applied to the time-scaling properties analysis of daily closing prices of Shanghai composite index (SHCI) and Shenzhen composite index (SZCI) of Chinese stock market. The results show that these index series are characterised by long-term memory, multifractal scaling and power-law behavior, and these characteristics have obvious differences between the SHCI and SZCI. The comparison results suggest that heterogeneity (disordered state) characterises of the SHCI dynamics owing to the wider fluctuation of the power of impulsion and suppression outside to stock, and other related factors in Shanghai stock market than that of SZCI in Shenzhen stock market. Furthermore, we investigated the frequency-size distribution of SHCI and SZCI series. This work can be helpful to improvement of modelling of Chinese stock market.
Introduction
In an effective securities market, efficient market hypothesis denotes the price of the stock fluctuations is to follow the random walk; the distribution of price is normal distribution; investors are completely rational; information can be fast absorbed. The modern finance analysis system was built based on it. However, the researchers found that the stock market exists some abnormal phenomena, which is not subject to the features of effective market hypothesis description. Thus some scholars provided the fractal hypothesis, which denotes capital market is not fully effective; stock price is to follow the fractal Brownian motion; price distribution is not normal distribution but shows the chaos nature. If fractal market hypothesis is right, the modern financial analysis system will be revised according to the fractal theory. Fractal market theory have changed people's knowledge of the statistical property of finance market, and have better explained the phenomena in finance market. Therefore fractal market theory would affect the analysis and study of problems in finance market. There is very important significance to capital pricing, risk management, market supervising and price forecasting.
The fractal theory can be traced back to the earliest Mandelbrot's original study of the stock market [1] , who found that stock market did not obey normal distribution, so he put forward the fractal theory and used it to describe stock market's fractal characteristics. It is used more and more widely in economy since the fractal theory was put forward. In the fractal analysis of stock market, the methods include monofractal and multifractal, which respectively are used to depict the whole and local fractal feature of financial time series and more really reflect complex statistical characteristic of stock's yield and volatility change. Monofractal mainly analyses long memory of time series including persistence and anti-persistence. The rescaled range analysis (R/S) [2] and the detrended fluctuation analysis (DFA) [3] are the methods for monofractal. For example, Pch et al. (2004) applied DFA to analyze the sequence of time intervals between consecutive stock trades of thirty companies representing eight sectors of the U.S. economy over a period of 4 yrs, found that the intertrade times exhibit power-law correlated behavior within a trading day and a consistently greater degree of correlation over larger time scales, and the magnitude series of intertrade time increments is characterized by long-range power-law correlations suggesting the presence of nonlinear features in the trading dynamics, while the sign series is anticorrelated at small scales [4] .
Based on the fractal methods, this paper empirically studies the monofractal and multifractal properties of the Chinese stock index futures market. We select daily closing prices of Shanghai composite index (SHCI) and Shenzhen composite index (SZCI) from the financial database of RESSET (http://www.resset.cn), and the data length respectively is 5825 and 5849 excluding default data January 1st 1992 to December 31st 2015. In this study, we investigate the difference of temporal scaling properties about SHCI and SZCI in China by detrended fluctuation analysis (DFA), detrended cross-correlation analysis method (DCCA) and multifractal method.
Methods

DFA and DCCA Method
The detrended fluctuation analysis (DFA) is an advanced method for determining the scaling behavior of data in the presence of possible trends without knowing their origin. For further detail computation, see the Reference [3] . In the method, the most important parameter is the root mean square fluctuation F(n), which behaves as a power-law function of n then the data present scaling: In analogy to DFA, which was proposed by Podobnik & Stanley (2008) for a single time series [4] , detrended cross-correlation fluctuation analysis (DCCA) was used for analyzing power-law long-range cross-correlations between different non-stationary time series [5] . If the detrended fluctuation covariance function F 2 (s) and scale s obey power-law cross-correlations in double logarithmic coordinates as shown F 2 (s)~s λ , where λ is the long-range cross-correlation scale index, it shows that there is long-range interrelation between two sequences. In particular, when λ>0.5, it suggests there is positive long-range cross-correlation between two sequences. To be specific, if a sequence presents growth trend, the other sequence will also show growth trend. When λ<0.5, it shows there is negative long-range cross-correlation. When λ=0.5, it indicates that there is non-long-range cross-correlation between two sequences, that is, the change trend of a sequence exerts no effect on the change of another sequence.
Multifractal Analysis
To further study the possibility that SHCI and SZCI generated by certain finance analysis system may be members of a special class of complex process, termed multifractal, which require a large number of exponents to characterise their scaling and long memory properties. Multifractal analysis has been applied to several fields of the scientific research. The related literatures can be seen in the further detail computation [6] .
Δα, Δf and B are very important three parameters to describe the complexity of the multifractal spectrum [7] . Firstly, Δα (Δα=α max -α min ) is the width of multifractal spectrum. The higher the Δα, the wider the probability distribution as well as the larger the difference between the highest pollution indices and lowest pollution indices, so the "richer" the signal in structure. Secondly, Δf (Δf = f(α min ) -f(α max )) is the difference of the fractal dimensions of the maximum probability subset (α=α min ) and the minimum one (α=α max ). f(α min ) and f(α max ) reflect the number of the subset of the maximum and minimum probability, respectively. Thus, Δf < 0 represents that the chance of the pollution indices values lying at the lowest site is more than that at the highest site and vice versa. Thirdly, in order to quantitatively recognize possible differences in Legendre spectra stemming from different signals, it is possible to fit, by a least square method, the spectra to a quadratic function around the position of their maxima at α 0 , namely f(α) = A(α-α 0 ) 2 + B(α-α 0 ) + C. Parameter B indicates the asymmetry of the curve, which is zero for symmetric, positive for left-skewed and negative for right-skewed shapes [8] . A right-skewed spectrum denotes the relatively strong dominance of high fractal exponents, corresponding to rough structures, and a left-skewed spectrum indicates low ones (more smooth-looking).
Results and Discussion
DFA Method
DFA analysis results exhibit clear power-law scaling relationship at the time scale of 20 years at least ( Figure 1 ). As to SHCI, α=0.625 with R 2 =0.998; while as to SZCI, α=0.667 with R 2 =0.995. Both α values are not equal to 0.5, which show both Shanghai and Shenzhen stock market are not to follow Gaussian distribution, and subject to the features of effective market hypothesis description. Moreover, α> 0.5 indeed indicates the characteristic time scales of the persistence of or long-term memory, which means there is a tendency for increase in stock index to be followed by another increase in stock index at a different time in a power-law fashion. This suggests that the correlations between the fluctuations in stock index do not obey the classical Markov-type stochastic behaviour (exponential decrease with time), but display more slowly decaying correlations. This implies that the long memory should be considered in the trend prediction of stock index as an important factor. In addition, SZCI's α value is greater than SHCI's represent the former has stronger persistence and weaker anti-persistence than latter. The results are in agreement with that of other researchers [9] .
Generally speaking, stock index's strong or weak persistence is connect with the degree of market freedom (namely the power of impulsion outside to stock), and that of anti-persistence is connect with the impact of financial regulation policies (namely the power of suppression outside to stock). Under the background of the same economic, such differences have a lot to do with different Constructions of investigated two indexes. In the reality financial market, these two properties are neither as the probability of dramatical fluctuation being almost zero, that described by traditional theory as the dramatical and slight fluctuation looking exactly alike, that described by single scaling behavior. And they need multiple relations to describe. Figure 2 shows DCCA analysis results of SHCI and SZCI. In the double logarithm curve log F 2 (s)~logs, λ=1.989(>1) with R 2 =0.999, this indicates that SHCI and SZCI display very strong positive-long-range correlation with non-power law form. Namely, the SHCI increased (decreased) with increasing (decreasing) SZCI, both have stronger synchronicity. It obviously shows that indicate that heterogeneity (disordered state) characterizes of the two stock markets, the power of impulsion or suppression outside to stock, has the very good synchronicity at a different time in a power-law fashion. 
Multifractal Analysis
Multifractal analysis results exhibit the clear difference of multifractality between the SHCI and SZCI as shown in Figure 3 . The wide opening of the graph indicates a nonuniform clustering structure of the sequences. Relative to the SHCI the larger Δα of the SZCI shows that the variation of the SZCI is larger, the degree of multifractality is stronger and Shenzhen stock market risk is also higher. The larger Δα, the richer signal in structure. Meanwhile the results also further verify Hu & Wu's research: the SHCI has a much more practical advantage over SZCI in volatility, risky return rate and so forth [10] . It is obvious that the shape of f(α) curve for the SZCI is like a hook to the right. Both their maximum value is 1, but the shape and width of two figures are different. The relation that Δf<0 for both SZCI and SHCI indicates that the probability of two stock indexes at the lowest values is more than that at the highest values in the whole 24 years. That is to say, more indexes are crowded in the valley; in other words, the low price has more opportunities than the high. These are the characteristics of stock overall prices dropping significantly.
A larger B value (positive) for the SZCI indicates a left skewed multifractal spectrum shape and a relative dominance of lower fractal exponents corresponding to more smooth-looking structures.
The differences between these two multifractal spectra indicate that heterogeneity (disordered state) characterises of the SHCI dynamics owing to the wider fluctuation of the power of impulsion and suppression outside to stock, and other related factors in Shanghai stock market than that of SZCI in Shenzhen stock market, This result also indicates that multifractal approach provides a much deeper insight into data structure than monofractal approach.
Conclusions
Based on the DFA and multifractal methods, we have identified that SHCI and SZCI exhibits longterm memory and multifractal characteristics. The comparison result between SHCI and SZCI shows monofractal (DFA exponent) and multifractal (Δα, Δf, B) parameters can be other quantitative indexes reflecting Chinese two stock markets are not fully effective. These new indexes are based on time-scaling properties of stock price dynamics behaviour. The scale-free power-law behaviour is found to govern the statistics of stock price over a range of event size scales. Our findings may be that stock index is an example of a SOC process. his will offer a new approach to further explore complexity market of stock market. We define the measurement value of stock index change as an avalanche event, and the magnitudes of various index values as avalanche sizes in a granular pile. When the stock market goes into the critical state, it enters a complex period. At this time, any size of avalanche can happen. Moreover, the occurrence of an avalanche does not rely on the stimulation of external message, which is a pure result of stock market's internal evolution.
